This article examines the effects of sequential movie releases on the dilution and enhancement of celebrity brands. The authors use favorability ratings collected over a 12-year period (1993-2005) to capture movement in the brand equity of a panel of actors. They use a dynamic panel data model to investigate how changes of brand equity are associated with the sequence of movies featuring these actors, after controlling for the possible influence from the stars' off-camera activities. The authors also examine the underlying factors that influence the magnitude and longevity of such effects. In contrast with findings from existing research in product branding, the authors find evidence that supports the general existence of dilution and enhancement effects on the equity of a celebrity brand through his or her movie appearances. They also find that star favorability erodes substantially over time. Finally, this research offers insights for actors regarding how to make movie selections strategically to maximize their brand equity.
In this celebrity-driven culture we inhabit, it might have been seen as inevitable that people would come to be viewed-and view themselves-as brands. (Ebenkamp 1999, p. 11) In recent years, practitioners have begun to argue that the definition of "brand" should be broadened from relationships with products or companies to include anything that engages in emotional relationships with consumers (Bayley 2005; Reuters 2009 ). For example, A-list Hollywood stars such as Tom Hanks and Meryl Streep represent powerful Hollywood brands to worldwide movie viewers in every movie on which they stamp their names (Kramer 2003) . As with traditional product brands, actors (and their agents) have begun to realize the importance of enhancing and protecting their celebrity brands (Mulholland 2007) . According to our analysis in Appendix A, actors with a high degree of brand equity enjoy substantial financial returns on their movie salary. For Hollywood stars, "branding can mean simply identifying a career goal and implementing a game plan to achieve it" (Towle 2003) .
Traditionally, branding research has been conducted in a product/service context. In this context, researchers have primarily studied the conditions under which positive and negative feedback effects occur when firms introduce brand or line extensions (e.g., Ahluwalia and Gürhan-Canli 2000; Gürhan-Canli and Maheswaran 1998; John, Loken, and Joiner 1998; Keller and Aaker 1992; Keller and Sood 2003; Milberg, Park, and McCarthy 1997; Swaminathan, Fox, and Reddy 2001) . Despite some insightful findings, this line of research has yet to investigate the following issues.
First, though useful for understanding the phenomena of enhancement and dilution effects, these studies do not make general predictions about the magnitude or longevity of such effects. Second, because the vast majority of these studies were one-shot experiments in which consumers provided their instantaneous responses to hypothetical product extensions (cf. Swaminathan, Fox, and Reddy 2001) , the dynamic movement of brand equity in response to a sequence of new product introductions has not been investigated. Third, previous research in this area has been conducted primarily in labs, and the external validity of their findings remains to be tested.
Addressing these issues within the traditional context of product branding has been hampered by methodological difficulty and a lack of viable data. In this article, we go beyond extant literature by empirically analyzing the magnitude, longevity, and dynamics of feedback effects in a real-world setting in which consumers' evaluations of a panel of brands can be traced over time. Because both celebrity names and product/service names are part of the "brand," the framework we introduce advances an understanding of the dynamic movement of brand equity for sequential new product introductions.
Specifically, we investigate the effects of sequential movie releases on the dilution and enhancement of celebrity brands in the movie industry. Similar to the use of an Intel microprocessor as a branded component in personal computers, we view movie stars as branded components and movies as new products that feature these celebrity brands. Because consumer attitudes represent a key dimension of brand equity (Aaker 1991; Keller 1993; Park, Jaworski, and MacInnis 1986) , we use favorability ratings collected by a major U.S. entertainment company from 1993 to 2005 to represent changes in the brand equity of a panel of actors over time. 1 Because consumers' favorable attitudes toward a movie star may be affected by his or her off-camera activities (e.g., involvement with charities, relationships, scandals), we trace the media exposure of these movie stars' non-movie-related activities during the same time window. We further construct a dynamic panel data model to investigate how changes in the favorability ratings of these actors are associated with their movie appearances, after controlling for the influence of the stars' off-camera activities.
In contrast with previous findings that enhancement and dilution effects only occur under certain conditions for product brands, we find evidence of the general existence of dilution and enhancement effects for the equity of a celebrity brand through his or her movie appearances. In addition, although brand equity is stable and long lasting for product brands, the equity status of a celebrity brand erodes substantially over time. We also find that the volume (not valence) of media coverage of an actor's off-camera activities positively contributes to his or her brand equity.
We organize the rest of this article as follows: First, we discuss the relationship between our research and the existing literature. Second, we describe the key findings from two lab experiments in which we examine the underlying mechanism of consumers' evaluations of celebrity versus product brands. Third, we present empirical data collected from the field, demonstrate our dynamic panel data model, and present our findings. Fourth, we illustrate how our estimates can guide the strategic decision making of an actor in developing and protecting his or her celebrity brand. Fifth, we conclude by summarizing the key results, discussing the implications and limitations, and providing avenues for further research.
THEORETICAL BACKGROUND Movie Stars as Brands and Movies as New Products Featuring Celebrity Brands
Because a brand name generally reduces a buyer's shopping effort by providing information about the product's expected quality, an increasing number of products are marketed with components that themselves are brand names (e.g., Geylani, Inman, and Hofstede 2008; Park, Jun, and Shocker 1996; Venkatesh and Mahajan 1997) , such as personal computers with Intel microprocessors and brownie mixes with Hershey's syrup.
In a similar spirit, we view movie stars as branded components and movies as new products that feature these celebrity brands. Our rationale is as follows: First, in our study context, the brand name of the movie star not only provides the movie with some immediate consumer base (i.e., loyal fans of the movie star) but also serves as a signal to convey information about the expected quality of the movie. This rationale is consistent with previous findings that when a branded component appears in a new product, it facilitates the acquisition of initial consumer awareness and provides an endorsement of product quality (Rao, Qu, and Ruekert 1999; Rao and Ruekert 1994) .
Second, as Ailawadi, Lehmann, and Neslin (2003) propose, the value of a brand lies in the revenue premium it generates for the product carrying the brand name. In the context of movies, the brand name of the movie star is a major force driving demand for a movie. Indeed, researchers have found that demand for a movie increases with the rank of the movie star appearing in it (e.g., Elberse 2007; Elberse and Eliashberg 2003) .
Therefore, we view movie stars as celebrity brands and movies as new products that feature these brands. In the branding literature, some researchers view new product introductions in similar product categories as line extensions and those in dissimilar product categories as brand extensions. Thus, each movie can be a line extension of the celebrity brand because movie stars exist to make movies. However, Park, Jun, and Shocker (1996) refer to new products with branded components as composite brand extensions. Other researchers refer to new products in both the same and different product categories as brand extensions (e.g., Loken and John 1993) . In the context of movies, Sood and Drèze (2006) conceptualize movie sequels as brand extensions of the original movies. Therefore, to be consistent with extant literature, we use the general terminology of extension (without the distinction of line or brand) to refer to each movie featuring the celebrity brand.
Dilution and Enhancement Effects in Branding Research
Extant branding research has primarily studied dilution and enhancement effects in a typical product branding context. With regard to the dilution effect, researchers have provided mixed evidence about whether an unsuccessful new product launch dilutes the brand itself. Some research supports the existence of dilution effects (e.g., Milberg, Park, and McCarthy 1997) , but other studies do not. For example, Keller and Aaker (1992) fail to find any evidence of brand dilution with dissimilar product extensions. Loken and John (1993) find that quality perceptions of the brand were unaffected when the proposed extension was in a dissimilar product category (though in a similar product category, dilution occurred). John, Loken, and Joiner (1998) report that dilution effects were less likely for flagship products.
Regarding enhancement effects, existing research suggests that their presence is highly situation specific. Park, Jun, and Shocker (1996) find that positive enhancement effects only occur in complementary but dissimilar cobranded extensions. Gürhan-Canli and Maheswaran (1998) discover that both the typicality of the extension and consumers' level of motivation determine the effect of extensions. Greater feedback effects occur when consumers are highly involved in evaluating products. In addition, Ahluwalia and Gürhan-Canli (2000) suggest that when extension information is more accessible, both enhancement and dilution effects occur, regardless of the extension category. With lower accessibility, however, category diagnosticity determines whether extension information enhances or dilutes the brand. Finally, Swaminathan, Fox, and Reddy (2001) examine the impact of extension introductions on choice using scanner data. Their results show a positive reciprocal (enhancement) effect of extension trial on parent brand choice, particularly among prior nonusers of the parent brand.
In general, the mixed findings on dilution effects make it difficult to foresee whether some movies will actually dilute the brand equity of an actor. Moreover, the situation-specific enhancement effects make it difficult to predict the extent of the enhancement effect in this context. Finally, because our research diverges from prior research by focusing on celebrity brands rather than product brands, the underlying mechanism behind consumers' evaluations of product brands and celebrity brands may differ. For product/service brands, consumers receive highly coordinated and consistent information about the brands (i.e., brand positioning). In contrast, consumers' memory of an actor is based on episodic exemplars that are not necessarily well connected to one another (e.g., movies with different plots, genres, and costars; various types of media coverage). Consequently, general findings in the traditional context of product brands may not be readily applicable to the context of celebrity brands.
In the next section, we describe two lab experiments in which we compared the two types of brands according to (1) consumers' memory structures for the brands and (2) the degree to which consumers were willing to update their views about the brands when extension products were introduced. We report the main findings here and leave the supplementary details to Appendix B.
LAB EXPERIMENTS

Lab Experiment 1
This experiment was designed to compare consumers' memory structures regarding celebrity brands versus product/ service brands. A within-subjects pretest first identified pairs of celebrity and product/service brands with similar degrees of brand familiarity, favorability, identity clarity, and affect. Next, we employed a between-subjects study to investigate consumers' memory structures for these two types of brands. Depending on their condition type (celebrity versus product brands), the participants indicated, "What comes to your mind when you think about this actor/actress [brand] ?" For each thought association, we also asked participants to indicate, on a seven-point scale, "How certain (strongly) do you feel about this thought?" Next, the participants answered two seven-point scale questions: "How many different types of thoughts come to your mind when you think about this actor/actress [brand]?" and "To what extent does this actor/actress [brand] represent a mix of highly different personas in her/his acting and personal life [a mix of highly different characteristics]?"
The key findings of this experiment can be summarized as follows: First, consumers have a greater number and more types of thought associations with celebrity brands than with product/service brands. Second, consumers feel less certain about their most salient thoughts about celebrity brands versus product/service brands. Third, consumers' understanding of celebrity brands is more multidimensional than their understanding of product/service brands. Therefore, our analyses indicate that consumers have different memory structures for celebrity brands versus product/service brands.
Lab Experiment 2
In this experiment, we investigated whether there is a difference between celebrity brands and product/service brands regarding how consumers modify their brand evaluations in response to product extension introductions. We first conducted a within-subjects pretest to identify product extensions that are perceived as equally far and equally close to the pairs of celebrity and product brands from Lab Experiment 1. For example, home audio speakers were equally close extensions for Keanu Reeves and Jaguar; stationery was an equally far extension for this pair. Table 1 provides a complete list of the extensions.
Using the pretest data, we conducted a 2 (brand type: celebrity versus product) ¥ 2 (extension type: close versus far) between-subjects design. A total of 82 participants were randomly assigned to one of the four conditions. Within each condition, participants were presented with two scenarios regarding the same type of extensions. For example, in the celebrity-close condition, the participants were informed that Keanu Reeves was going to launch a line of home audio speakers under his name. Next, we asked the participants to indicate, on a seven-point scale (anchored by "strongly disagree" and "strongly agree"), whether they would like the actor more or less if the extension product succeeded or failed. A higher response score would demonstrate a greater degree of brand updating. In another sce- nario, we asked the same questions for a case in which Leonardo DiCaprio was launching a line of wines. In a similar fashion, participants in the three other conditions answered corresponding questions. Figure 1 , Panels A and B, illustrates the results of our study. The two-way interaction of brand type and extension type was marginally significant for pair 1 (F(1, 78) = 3.01, p < .09) and significant for pair 2 (F(1, 78) = 4.12, p < .05) when the extension failed. Specifically, celebrity brands exhibited greater dilution effects than product brands when the extension was categorized as far apart (pair 1: F(1, 78) = 4.80, p < .05; pair 2: F(1, 78) = 5.21, p < .05). However, the effect disappeared in the close extension condition (pair 1: F(1, 78) = 1.16, p = .29; pair 2: F(1, 78) = .96, p = .33). Similarly, the two-way interaction was significant for both pairs when the extension succeeded (pair 1: F(1, 78) = 3.99, p < .05; pair 2: F(1, 78) = 5.14, p < .05). Celebrity brands exhibited significantly or marginally greater enhancement effects than product brands in the far extension condition (pair 1: F(1, 78) = 3.09, p < .09; pair 2: F(1, 78) = 4.16, p < .05), whereas such differences were absent in the close extension condition (pair 1: F(1, 78) = .07, p = .80; pair 2: F(1, 78) = .09, p = .77).
In summary, we found that for close extensions, the magnitude of dilution and enhancement effects was not significantly different between the two types of brands. Yet, for far extensions, consumers were more likely to update their views toward the celebrity brand than the product brand. To compare the differences in brand updating for the two types of brands when the typicality of the extensions was low (i.e., far extension), we also pooled the dilution and enhancement data from the two pairs in the far extension conditions. We found that consumers in general were more likely to update their evaluations of celebrity brands than product brands (F(1, 158) = 21.03, p < .001).
As a potential explanation for the differences between the two types of brands in the far extension condition, we propose that because consumers have relatively more certain associations with product brands (see Lab Experiment 1), a new piece of information (i.e., brand extension), particularly an inconsistent one, may be less likely to change consumers' view of the product brand. This explanation is in line with the proposition in the Bayesian updating literature (e.g., Boulding, Kalra, and Staelin 1999; Geylani, Inman, and Hofstede 2008; Rust et al. 1999 ). In the presence of tighter (diffuse) priors, new information exerts less (more) influence on the posterior belief. Therefore, when modifying their evaluation of a product brand, consumers exhibit less updating from the introduction of the extension products, particularly when the extension products are far apart (atypical). This rationale is also consistent with the findings in prior research that consumers seem to follow a subtyping model when they update their views of a product brand (e.g., Geylani, Inman, and Hofstede 2008; Park, McCarthy, and Milberg 1993) . In the subtyping model (Weber and Crocker 1983) , consumers tend to view far extensions as atypical instances of the parent brand and categorize them as subtypes. As a result, consumers generally resist changing their evaluations of a product brand when the extension is categorized as far apart. 
Far
In contrast, because celebrity brands are perceived as more multidimensional and the thought associations with celebrity brands are less certain, consumers are more likely to update their past beliefs about the celebrity brand when faced with new information. Consequently, the bookkeeping model (Weber and Crocker 1983 ) may better describe how consumers update their evaluations of a celebrity brand. According to this model, when actors introduce extension products, each piece of new information leads to an incremental modification of the schema (in Figure 1 , Panels A and B, the slopes of the extension types are flatter for celebrity brands than for those of product brands). Therefore, consumers generally reveal greater susceptibility to changes for celebrity brand extensions.
EMPIRICAL INVESTIGATION Data
The data in our empirical study were collected from multiple sources, including (1) a 12-year longitudinal survey of favorability rating data for a panel of 48 movie stars conducted by a major U.S. entertainment company, 2 (2) media coverage of these stars' off-camera activities in weekly People magazines and daily Variety magazines during the same time of the survey, 3 (3) the online movie database IMDb (www.imdb.com), (4) the online movie database Rotten Tomatoes (www.rottentomatoes.com), and (5) the TNS Media Intelligence database.
For each movie star in our panel, we observed the movement of his or her favorability ratings over time, releases of movies featuring this movie star, and news coverage about the star's off-camera activities during the same period. Thus, the duration of the longitudinal data for each movie star varied, depending on when that particular star entered the favorability polls (minimum time 2001-2005; maximum time 1993-2005; average time 9.92 years; median time 10.40 years). Our final sample included 48 stars with 1427 observations, namely, 614 movie appearances and 813 favorability ratings. Table 2 provides the complete list of the 48 movie stars we considered and the number of movie and favorability observations we gathered for each star.
The favorability ratings we used were collected through telephone interviews. Sixteen territories were carefully selected by a data collection agency to represent the entire U.S. market. Within each territory, a simple random sampling method yielded approximately 800 respondents for each favorability poll. These interviews were conducted in various months for different movie stars. In each favorability poll, a screening check ensured that the respondent was aware of the actor. The original question was as follows: "On a scale from 0 to 100, what is your favorability of this actor/actress?" The aggregate-level favorability score across survey participants served as a measure of star favorability at the time of the interview. 4 Because we aimed to investigate the extent to which a movie's performance and characteristics affect the movie star's brand equity, we also gathered the following informa-2 The primary purpose of this data collection was to facilitate the company's strategic decision making in areas such as screening actors for movie roles or negotiating contracts with movie stars. An actor becomes part of the favorability poll after receiving some initial market recognition. Some movie stars have a longer track record in the favorability poll than others. To construct a dynamic panel data model with sufficient favorability observations per longitudinal profile, we acquired data for actors with at least 12 favorability ratings between 1993 and 2005, which resulted in the 48 stars in our empirical study. 3 The massive amount of news coverage about each movie star during the time period of the favorability poll made it infeasible for us to review all the news articles about the actors (e.g., there were 85,251 articles about Nicole Kidman during this time window in the Factiva database, most of which duplicated coverage about the same events). Therefore, we narrowed down our search to People and Variety because of their specialization in celebrity news. According to our discussions with executives in the movie industry, these two magazines provide the most comprehensive coverage of movie stars' off-camera activities. 4 It is worth noting that the favorability ratings used in our study were analogous to the well-known Q scores (www.qscores.com). In a performer Q study, each respondent indicates whether a performer is one of his or her favorites on a five-point scale, similar to our 0-100 point scale. In Figure 2 , we provide an example of a series of favorability ratings and movie appearances for the movie star Cameron Diaz. As this figure shows, the favorability rating surveys were collected in various months of the year. In some occasions, there were one or more movie releases in between two adjacent favorability ratings. In other occasions, the movie star did not appear in any movie in between two consecutive favorability ratings.
Finally, to account for the influence of a star's off-camera activities on his or her favorability rating, for each star in our panel, we reviewed all news articles related to the star in People and Variety during the period of our longitudinal analysis. After screening out movie-related articles, we obtained 6228 articles reporting the off-camera activities of the 48 stars in our analysis.
To be consistent with previous research on the impact of buzz and word of mouth (e.g., Liu 2006; Mahajan, Muller, and Kerin 1984) , we took into account both the volume and the valence of media coverage. We define the monthly volume as the number of non-movie-related articles that appeared in People and Variety magazines each month. Human raters coded these articles by valence. The raters read each article and assigned it to one of the following three categories: positive, negative, or neutral. Following Liu (2006) , we used the percentage of positive and negative articles that appeared every month to measure the valence of the media coverage on the movie stars' off-camera activities. 5 We provide the summary statistics of our data sample in Table 3 .
Model
The primary goal of our model was to examine the relationship between the movement of star favorability over time and the releases of various movies featuring these stars during the same period, after controlling for the possible influence of the stars' off-camera activities. We also examined the underlying factors that influence the magnitude and the longevity of such effects. We provide the specifics of the model next.
Favorability movement. Let M denote the movie, P stand for star favorability, and W represent media coverage about the star's off-camera activities. For star i, his or her favorability rating at time k, coded as P ik , pertains to his or her most recent favorability rating, taken at time s (k > s); the movies appearances of star i between time k and s; and media coverage of the star's off-camera activities between these two consecutive favorability ratings. If star i does not have any movie appearance between k and s, the effect of the movie is absent. Similarly, if there is no media coverage about the star's off-camera activities between k and s, the influence of off-camera activities is zero. Using calendar months as a unit of time, we define P ik as follows: Because coding these articles according to their valence is extremely tedious and time consuming, two raters initially divided the task of reading the 6228 articles and classifying them into the three categories. To check the degree of interrater consistency, a third rater independently coded all the articles. The level of agreement between the third rater and the first two raters was as high as .90. When the third rater disagreed with the first two raters, an additional rater read the article, and the three independent ratings were integrated using the majority rule: If at least two raters assigned the same category, that category was used for that article. where P ik and P is are the favorability ratings of star i at times k and s, respectively; j(i,t) is a dummy variable indicating whether a movie acted in by star i was released during month t, between times k and s; M it denotes the effect of the movie released at time t; r iMt is a scale characterizing the magnitude of such effects; g(i,t) is a dummy variable indicating whether there is media coverage of star i's offcamera activities in month t; W it represents the vector of media coverage during month t (i.e., volume and positive and negative valence of media coverage); q is the vector of parameter estimates associated with that effect; r ij is the decay rate (i.e., 1 -depreciation rate) of the star's favorability during time j; r iPs is a scale capturing the magnitude of the impact from P is on P ik ; and e ik represents the error term.
Inspired by the commonly adopted idea of treating advertising and promotion as periodic shocks to the demand for a product (e.g., Leone 1995; Nijs et al. 2001 ), we view a star's movie appearances and off-camera activities as shocks to his or her favorability ratings. In line with this notion, the basic premises of our model can be explained as follows: A movie star's favorability erodes over time. Periodically, the star receives two types of shocks-namely, movie appearances and media coverage of off-camera activities. The star's favorability receives a bump at the time the shock occurs. Afterward, his or her favorability continues to depreciate.
Prior research has suggested that consumers' belief about a brand/product is a two-dimensional construct, with the mean reflecting the expected belief and the variance reflecting the degree of uncertainty consumers have about the brand/product (e.g., Boulding, Kalra, and Staelin 1999; Geylani, Inman, and Hofstede 2008; Rust et al. 1999 ).
Therefore, we took into account both the mean and the variance of the most recent favorability measure in Equation 1. In particular, we defined the scale of P is as r iPs = exp(-a P s iPs ), where s iPs represents the standard deviation of star i's favorability at time s. The magnitude of the impact from P is is weighted by the degree of uncertainty consumers have toward the star. If the degree of uncertainty is high, the scale of the impact from P is to P ik should be relatively small. We used an exponential function to ensure that the range of the scale r iPs was bounded between 0 and 1, with r iPs = 1 when the standard deviation of the past favorability measure s iPs = 0. In the following, we provide further details on how we define the decay rate r ij , the movie effect M it , and the scale of the movie effect r iMt . 6 Decay rate. Inspired by the work of Lincoln and Allen (2004), we included gender and age in the decay rate function. In addition, we included the movie star's degree of mate the scale of the media effect (i.e., q in Equation 1) at the aggregate level. It is likely that the magnitude of this effect is a function of the movie star's individual characteristics, such as gender, age, and degree of establishment (two of which also vary over time). We decided not to pursue this refinement for the following reasons: First, in Equation 1, the effect from the movie star's media coverage on favorability is defined as the product of q and the decay rate r ij , with the latter varying with the star's gender, age, and degree of establishment. If we also allow q to vary as a function of these star-related characteristics, the effect of media coverage is likely to be overparameterized, so the resulting estimates would become unstable. Second, as we illustrated in the results section, our model estimates revealed that the relative impact of non-movie-related media coverage on star favorability was considerably smaller than the effects of movies. With these considerations, we simplified the scale of the media effect at the aggregate level. establishment to capture the potential influence on decay rate. We adopted the widely used exponential decay function (e.g., Jedidi, Krider, and Weinberg 1998) in our model:
where a r is a parameter capturing the baseline decay constant, female i is a dummy variable indicating the gender of star i, age ij is the age of the star i at time j, and sm ij represents the star's degree of establishment (total number of movies acted in by star i at time j). Recognizing that some unobservable characteristics of the star also might influence the decay rate, we included a random error term m ij with distribution m ij~ N(0, s 2 m ) in Equation 2. In this equation, we used quadratic functions for the age and sm variables to capture the possibility of inverted Ushaped relationships between the carryover of star favorability and these two variables. The carryover of star favorability might increase as the movie star matures or he or she becomes more established. However, beyond a certain point, the carryover of star favorability should begin to decrease because the star cannot deliver as he or she has in the past. Furthermore, we included gender-specific interaction terms in the quadratic functions to account for different shapes of such relationships for actors of different genders. For any given star, the decay rate of his or her favorability is not only gender specific but also time variant.
Movie effect. To capture the overall impact of a movie on a star's favorability, we defined the movie effect, M it , as a function of the movie's performance and characteristics metrics:
where Z it is a vector including five indicators of movie success (i.e., number of award nominations received by the movie and focal movie star, critic rating, viewer rating, and cumulative box office sales) and five indicators of movie characteristics (i.e., maximum number of screens, seasonality, whether it is a sequel, MPAA rating, and genre) and x it is a random-error term with distribution x it~ N(0, s 2 x ). Our selection of these movie performance and characteristic metrics was based on previous movie-related research (e.g., Ainslie, Drèze, and Zufryden 2004; Elberse and Eliashberg 2003) . Some unobservable characteristics of the movie may affect a star's favorability, so we included a random-error term in Equation 3 to capture that effect.
Scale of movie effect. When a movie star receives a shock to his or her favorability from a new movie, the intensity of the bump may be affected by factors beyond the metrics of the movie itself. On the basis of extant behavioral literature, we included the typicality of the extension and the direction of the movie effect (i.e., positive or negative) as two such factors. In particular, we defined a scale parameter for the movie effect and modeled it as follows: is a dummy variable with neg iMt = 1 if M it < 0 and neg iMt = 0 if otherwise. In Equation 4, the variables ng iMt and invg iMt measure the typicality of the extension product. If a star has appeared in many comedy movies or the majority of his or her previous movies are comedies, his or her appearance in a new drama movie would be considered an atypical extension. In particular, we define sg iMt = max(ng iMt , .01)/S G g¢=1 ng¢, where ng iMt represents the number of previous movies in genre g and S G g¢=1 ng¢ denotes the star's total movie appearances across different genres. To avoid the inversion of 0, we set ng iMt = .01 when the number of previous movies in the genre equals 0 (i.e., max[ng iMt , .01]).
It has been widely recognized in branding literature that the typicality of an extension plays an important role in the magnitude of the feedback effect (e.g., Gürhan-Canli and Maheswaran 1998; Keller and Aaker 1992; Loken and John 1993) . Therefore, our definition of movie scale also examines whether the typicality of the extension matters. For our study context, when a movie star appears in a new genre, the likelihood of his or her exposure to a broader audience may increase. Therefore, Equation 4 also indirectly measures whether an increase in star awareness through a movie appearance in a new genre alters the scale of the movie effect.
Furthermore, we used the dummy variable neg iMt to examine whether negative and positive movie effects have asymmetric impacts on a star's favorability. Various researchers have suggested that because negative information is perceived as more diagnostic than positive information, consumers tend to give more weight to negative than positive experiences (e.g., Herr, Kardes, and Kim 1991) . If this negativity bias also applies to our context, a negative movie effect should carry more weight for star favorability than a positive movie effect.
Estimation and causality check. Equations 1-4 constitute the empirical model we estimate. Past favorability ratings, movie effects, and the star's off-camera activities might be correlated with some unobservable idiosyncratic characteristics of the movie star (e.g., image, persona, acting skills), so Equation 1 is subject to endogeneity. We alleviate this issue by taking the first differences of Equation 1 to remove the time-invariant individual fixed effects and assuming that the time-variant individual effects are captured in the star's most recent favorability rating (see Appendix C). 7 On a related note, our model implies that movie appearances influence star favorability. Star favorability also might determine movie appearances. We conducted a Ganger causality check to test these two hypotheses. First, to assert a causal relationship from movie appearances to star favorability, we regressed favorability (P ik ) on the lagged value of favorability (P is ) and the number of movie appearances between times s and k. Using a Wald test, we found that movie appearances help explain star favorability (test statistic = 9.64, p < .01). Second, to examine the competing hypothesis, we regressed the number of movie appearances on the lagged values of movie appearances and star favorability. A Wald test revealed that the lagged value of star favorability added no information to movie appearances (test statistic = 2.12, p > .10), which implies that Granger causality is absent. Therefore, our data do not support the competing hypothesis.
We used a method of simulated moment procedure to estimate the set of parameters in Equations 1 and 4 simultaneously (Ahn and Schmidt 1995, 1997; Gourieroux and Monfort 1996) . More details of our estimation procedure appear in Appendix C.
Empirical Findings
We next discuss our empirical findings. We provide the parameter estimates in Table 4 .
Variance of past favorability. As we expected, the impact of lagged favorability was negatively related to its variance. This finding is consistent with the proposition in previous research that when the degree of uncertainty (i.e., variance) associated with the past belief (P is ) increases, the relative weight of the past belief decreases in the posterior belief (P ik ) (e.g., Boulding, Kalra, and Staelin 1999; Geylani, Inman, and Hofstede 2008; Rust et al. 1999) .
Favorability decay. First, in line with the finding of Lincoln and Allen (2004), we found that the favorability of a female star depreciates faster than that of a male star. Second, we discovered that a star's age and degree of establishment both exhibit inverted U-shaped relationships to the carryover of star favorability. Third, we observed that some gender-specific interaction terms are significant in the two quadratic functions, which implies that the shapes of the inverted U relationships differed for actors of different genders.
Because the scale of the decay rate was small (i.e., monthly), we rescaled age to 1/10 of its original value and stage_movie to 1/100 of its original value to facilitate the model estimation. On the basis of our parameter estimates, we found that the maximum favorability carryover for a male actor occurs at age 33.3 years, when his total number of movie appearances reaches 14.4. At this point, the star's favorability depreciates less than 1% per year. However, for a young star at an early stage of his movie career, favorability is susceptible to considerable decay. For example, the favorability of a male actor of 25 years of age who has appeared in only two movies depreciates 5% per year, absent any movie appearances or media coverage. After the actor's age and degree of establishment move beyond the peak of his favorability carryover, the rate of favorability depreciation increases. For example, if a male actor were 55 years of age and appeared in 16 movies, his favorability would still depreciate 2.1% per year. For female stars, we found that maximum favorability carryover takes place when they are 20.8 years of age and have appeared in eight movies. At this point, the decay rate of favorability is approximately 3% per year. In general, the favorability carryover of female actors reaches the maximum point earlier and faster than that of male actors.
In the branding literature, the duration of brand equity has always been considered an important research topic. Although few studies have empirically examined the longevity of a brand's equity, there seems to be a consistent view that the equity of a product/service brand is relatively stable and lasting (Aaker 1991) . Our results indicated that in the context of the movie industry, celebrity brands are subject to considerable erosion over time. This result is probably due to our finding in Lab Experiment 1 that, compared with their attitudes toward product/service brands, consumers are less certain in their thought associations for celebrity brands. Therefore, unless consumers are exposed to the celebrity brand on a regular basis, the equity status of the celebrity is susceptible to substantial decay.
Movie effect. The second panel in Table 4 presents the parameter estimates of the movie effect. We discovered that
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JOURNAL OF MARKETINg RESEARCH, DECEMBER 2010 the total number of award nominations a movie has earned does not improve the star's favorability. This finding is not surprising, in that the popular press has increasingly criticized Oscar nominations as "deeply political" and "widely unpopular," because "academy voters have been trying to teach people what kind of movies they should like, rather than honoring the movies that people actually watch" (Hendrix 2006, p. 13) . Each year's Golden Globe and Oscar nominations often coincide, and starring in an award-nominated movie is not necessarily associated with an improvement in favorability. In contrast, the total number of award nominations received by the star serves as a better indicator of increased star favorability. Critic and viewer ratings and cumulative box office sales all signify improvements in star favorability.
With regard to movie characteristics, we found that a movie's maximum number of screens contributes positively to star favorability. In contrast, seasonality does not affect the star's favorability rating. Our estimate also reveals that movie sequels improve the movie star's favorability. With sequels, movie stars can capitalize on the success of an original movie by reprising the same characters in a new situation. 8 In terms of ratings, PG-13 movies are best for an actor to boost his or her brand equity, which may reflect several factors. First, movies with PG-13 ratings can reach a broader audience than R-rated movies. Second, because PGrated movies tend to sensor adult situations and language strictly to suit their younger audience, many moviegoers may perceive them as less attractive than PG-13 movies. Regarding genre, comedy is better than drama, action, or animation movies for improving an actor's brand equity. This finding was somewhat surprising; we expected drama movies to be the most beneficial for a movie star because they are often connected with deep emotions. A potential explanation for this is that, compared with other genres, the demographics and psychographics of the audience for comedy movies make them more willing to adjust their favorability toward the movie star upward. It is also possible that comedy elicits more positive affect in the minds of viewers, and this positive affect might enhance star favorability.
With the estimates in the second panel of Table 4 , we can use Equation 3 and calculate an estimated movie effect for all the movies in our data set. Table 5 provides the descriptive statistics of the estimated movie effects (we mean-centered all continuous variables in the vector of M it ). Because these movie effects exhibit a wide dispersion from zero, we learned that each movie appearance can enhance or dilute the movie star's brand equity considerably. Among the 614 movies in our data, 414 exerted positive feedback effects, and the rest were negative. For an actor to protect and develop his or her brand favorability over time, the selection of movies is critical.
This result is particularly noteworthy because previous research about feedback effects in the context of product branding has indicated that dilution and enhancement effects occur only in certain conditions. Our empirical results reveal the general existence of feedback effects in a celebrity branding context. As a potential explanation of this difference, we note that the mechanisms underlying consumers' evaluations of celebrity and product brands differ (see Appendix B).
When a star appears in two or more movies between two favorability surveys, our model assumes that the joint impact of these movies on star favorability is additive (i.e., additive model). There are two alternatives to this assumption. First, a star's favorability rating could be driven mainly by his or her most recent movie appearance, just before the favorability measurement (i.e., recency model). Second, the favorability rating may be determined predominantly by the movie with the strongest effect (i.e., salience model). To test these alternative assumptions, we estimated two benchmark models. In the recency model, only the most recent movie preceding the current favorability measure appeared in the model estimation. In the salience model, we assumed that the subsequent favorability rating was driven only by the movie with the strongest effect at the time of the survey. To compare these alternative models, we computed the mean square error between the predicted and the actual favorability ratings for each model. The mean square error of the additive model was 43.76, that of the recency model was 46.91, and that of the salience model was 48.20. Therefore, the additive model better describes the joint impact of movies when there are multiple movies in between two favorability ratings.
Scale of movie effect. The estimates related to the scale of the movie effect appear in the third panel of Table 4 . We found that a star's relative share of movies in a genre plays a significant role in the scale of movie effect. Specifically, when the movie star appears in a newer genre, the scale of the movie effect becomes relatively smaller, in contrast with our initial conjecture that a movie in a newer genre has a relatively larger impact on star favorability, because it increases awareness of the star. When the typicality of the extension is low, perhaps consumers are more resistant to updating their views of the star because the newer genre appears outside the star's focal expertise. Similarly, Loken and John (1993) propose that fewer feedback effects take place for atypical extensions because they do not reflect the parent brand's core competency. The absolute number of previous movies in the genre did not have a significant impact on the scale of the movie effect, possibly because the absolute number and relative share of the movies in the genre were somewhat correlated. Therefore, although each measure captures a unique aspect of extension typicality, the impact from the former gets absorbed by the latter in the estimation.
We also discovered that the scale of the movie effect is significantly greater when the overall impact of a movie on star favorability is negative. This finding conforms to the well-known negative bias theory. A negative movie viewing experience leaves a stronger impression than a positive movie viewing experience, so actors should avoid starring in movies that they believe are unlikely to be successful.
With the parameter estimates in the top three panels of Table 4 , we also estimated the duration of a movie effect. An illustration is as follows: Assume that after we account for the scale of the movie effect, the bump a movie star receives from a particular movie is estimated to equal 3. For a male star who is 25 years of age and has appeared in two movies, the effect of the movie on his favorability drops to 2.86 a year after the movie's release. Thus, for each movie release, the movie star can estimate not only the magnitude of the movie effect but also the longevity of this effect on his or her brand equity.
Media coverage of the star's off-camera activities. Our analysis shows that the volume of media coverage had a significant, positive influence on a movie star's favorability. In contrast, the valence of the coverage (positive or negative) did not affect star favorability. Because movie stars' personal lives are often highly visible to the general public, it is not surprising that consumers' favorability toward an actor is driven not only by the star's movie appearances but also by his or her behind-the-camera activities. In an interesting contrast, the overall impact of a movie on favorability can be either positive or negative, but any media coverage about a star's off-camera activities reinforces the equity of that star. This finding likely emerges because only movies reflect the core skills of actors, not their off-camera activities. Therefore, a movie can either improve or hurt an actor's brand equity, but when it comes to off-camera activities, any publicity helps. Liu (2006) reports that the volume of word of mouth, not the valence, leads to greater movie box office revenue. Our empirical results support the general idea that for word of mouth, only the volume, not the valence, matters.
Because the volume of media coverage positively contributes to star favorability, our model can be used to examine the amount of media coverage needed to overcome a negative movie effect. If there are one or multiple negative movie effects between two consecutive favorability ratings, we can estimate how much media coverage is needed to offset these negative effects. Of the 614 movies in our data sample, 200 (released between 182 pairs of consecutive favorability ratings) were estimated to exert negative influences on star favorability. Using the actual volume as a base, we found that, on average, the amount of media coverage needed to increase 17.76 times to offset negative movie effects (M = 17.76, Mdn = 8.26, SD = 33.34, minimum = .02, maximum = 279.43) in the subsequent favorability poll. This finding suggests that movies exert significantly more influence than media coverage of the star's off-camera activities on star favorability. Movie stars should safeguard their brand equity by carefully choosing their movie appearances because, in general, it is difficult to offset the impact of a negative movie by increasing media coverage.
Managerial Applications
According to our model, the overall impact of a movie on star favorability is a joint function of (1) indicators of movie success, (2) movie characteristics, and (3) the time between a movie release and the favorability measure. Although it is reasonable to assume that the movie star can infer an increase in his or her brand equity from some indicators of movie success, the relationship between movie characteristics and star favorability may not be apparent. Furthermore, it is unclear if the magnitude of the positive movie effect is sufficient to offset favorability decay. Therefore, a potential managerial application of our research is that the parameters of our empirical analysis can be used to obtain estimates of movie effects and the rate of favorability decay, according to which a movie star can make strategic decisions about his or her future movie choices.
Our model is a reduced-form model by nature, so the well-known Lucas critique is relevant for the execution of our analyses. To minimize this concern, we followed Van Heerde, Dekimpe, and Putsis's (2005) suggestions by focusing on short-term predictions in which future policies (i.e., movies) closely mirror historically observed policies in the sample data. In the following, we provide two examples to illustrate how to conduct such an analysis. Without loss of generality, we assumed that she would follow the rate at which she released movies in the two years before her last favorability rating and thus star in three movies in the two years after June 2005. We also assumed that she would obtain offers to appear in movies similar to her previous three movies because movie stars often receive offers to appear in similar types of movies. We used the estimated movie effects for these three movies to approximate the potential feedback effects Portman could receive from the new movies if she decided to continue on a similar path in her movie selections. Assuming the three movies were released at six-month intervals and the effect of her off-camera activities was absent, our model estimates predicted that Portman's favorability would improve to 46.49 by June 2007 (i.e., two years after her last favorability survey). That is, the enhancement effects the actress should receive from these movies could not only offset the decay of her favorability but also enhance her brand equity. During the period after June 2005, if she received offers to star in movies similar to her most recent movies, Portman should have considered taking them.
Vin Diesel. Vin Diesel's favorability rating was 49 in July 2005, at the end of our longitudinal survey. His last three movies before this measure were Knockaround Guys (released October 2002), A Man Apart (released April 2003), and The Pacifier (released March 2005). After conducting a similar analysis, we found that if Vin Diesel continued along a similar path, two years later his favorability rating would have dropped substantially from 49 to 27.65. This finding implies that Diesel's movie career was not heading in the right direction at the time of his last favorability survey. To protect his brand equity, Diesel should have responded by declining offers to appear in movies similar to his previous three movies and seeking out opportunities to star in different types of movies and/or movies with better prospects. In a similar fashion, each actor in our panel could benefit from our model by predicting how his or her favorability would be affected if he or she were to take a similar path in his or her movie choices.
CONCLUSIONS
In this section, we highlight the key results, describe their theoretical and managerial implications, and discuss some limitations and avenues for further research. First, we found evidence in support of the general existence of enhancement and dilution effects on the equity of a movie star through movie releases. Previous research has typically indicated that these effects in a product branding context occur only under certain conditions. This disparity implies a difference between celebrity and product brands with regard to how consumers form brand evaluations. In particular, both our empirical results and the lab experiments suggest that the bookkeeping model better describes how consumers develop their evaluations of a celebrity brand, rather than the popular subtyping model supported by many prior studies (e.g., Milberg, Park, and McCarthy 1997; Park, McCarthy, and Milberg 1993) .
Second, our results show that in contrast with the traditional view that brand equity is relatively stable in the short and medium runs (Aaker 1991) , in the context of the movie industry, the favorability of a celebrity brand depreciates significantly over time. We attribute this effect to consumers' reduced certainty in their memory structures about celebrity brands compared with product/service brands. Unless consumers have been exposed to the celebrity brand regularly, the equity status of the celebrity is subject to substantial erosion over time.
Third, our dynamic model explicitly examines how a series of movie appearances jointly contribute to the brand equity of an actor. In the marketplace, it is common practice to launch a series of new products under a common brand name. However, existing literature has overlooked the timing, duration, and combination of multiple feedback effects through sequential new product introductions. Our framework can serve as a foundation for research investigating these effects in the traditional context of product branding.
Finally, our findings are useful for the strategic decision making of both actors and firms that use celebrities as spokespeople. In particular, our research provides actors (and their talent agents) with a better understanding of the dilution and enhancement of their celebrity brands and insight into strategies to maximize their brand equity. Regarding celebrity spokespeople, our findings suggest that firms need to invest in research that tracks the movement of star favorability over time, because a star's favorability can change considerably, conditional on each of his or her movie appearances, age, and level of establishment.
Our research also is not without limitations. First, our brand equity measure was limited to the degree of favorability attached to the brand. Keller (1993) conceptualizes brand equity as a multidimensional concept. Further research could examine how a sequence of brand or line extensions dynamically influences the other dimensions of brand equity. Second, because we have a reduced-form model, our approach did not eliminate the potential endogeneity bias caused by the time-variant individual effects. Additional research could construct a structural model to capture the decisions of the various agents involved in the process (e.g., movie studios, popular press, movie stars, moviegoers). More useful policy simulations could be developed with such a structural model. Third, we limited our analysis to celebrity brands in the movie industry. Further research could extend our approach to study the feedback effects of extension products on the equity of a celebrity/product brand in broader contexts.
Jaguar. The degree of similarity was equal for both extension products (4.19 versus 4.61, p = .28). We also discovered that stationery was considered an equally far extension for Keanu Reeves and Jaguar (1.61 versus 2.03, p = .25). In addition, we found that wine was perceived as an equally close extension for the pair Leonardo DiCaprio and Godiva (4.07 versus 3.96, p = .70), and wallpaper was considered an equally far extension (1.88 versus 1.50, p = .22). Therefore, we used these four pairs of extension products (two close and two far) in our main study.
APPENDIX C: ESTIMATION PROCEDURE
Equations 1-4 describe the empirical model we need to estimate. This model takes the form of a dynamic model with unbalanced panel data. Substantial complications arise in the estimation of such a model for several reasons. First, the past favorability ratings in Equations 1 are correlated with the error terms (Greene 2000) . Second, there could be an underlying selection process between some determinants of star favorability (e.g., movie appearances, movie sequels, media coverage of the star's off-camera activities) and the movie star. In other words, an actor's appearances in movies and movie sequels and the likelihood that the press reports about a star's off-camera activities might correlate with some unobservable idiosyncratic characteristics of the movie star (e.g., image, persona, acting skills). Therefore, past favorability ratings, movie effects, and the star's offcamera activities in Equation 1 are all potentially correlated with the error term, which implies an endogeneity problem.
We take the following steps to alleviate this issue: First, we assume that the error term in Equation 1 contains a timeinvariant individual fixed effect and random noise. Without loss of generality, we use the following simplified expression to represent a general form of Equation 1: (C1) P ik = X ik Q ik + d is P is + e ik , e ik = v i + w ik , where X ik Q ik represents the combined effects of movies and media coverage at time k, d is P is denotes the undepreciated stock of star favorability, and the error term e ik includes the time-invariant individual fixed effect v i and random noise w ik . Second, given that some idiosyncratic characteristics of the movie star (e.g., acting skill) may evolve over time, we assume that at time k, the effects of all time-variant characteristics of the star to date are captured by the most recent favorability rating P is , taken at time s. Therefore, we can take the first differences of Equation C1 to obtain the following equation:
(C2) P ik -P is = (X ik Q ik -X is Q is ) + (d is P is -d ig P ig ) + (e ik -e is ), where g indicates the time the most recent favorability survey was taken before s.
In Equation C2, because the time-invariant individual fixed effect is swept away and the time-variant individual effects are captured in the most recent favorability ratings, we can estimate the reconstructed model by creating the following moment conditions (Ahn and Schmidt 1995, 1997) :
(C3) E[P it , (e ik -e is )] = E[P it , (w ik -w is )] = 0, where t < s.
By integrating over the random errors x it and m ij , we generate a conditional moment coinciding with the generalized method of moments estimator (Gourieroux and Monfort 1996) : (C4) Ú{E[Pit, (e ik -e is )]; x it , m ij }dF(x it , m ij ) = 0, where t < s. We then estimate the set of parameters in Equations 1 and 4 simultaneously under a method of simulated moment procedure.
